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ABSTRACT
The extent and type of watershed cover affects the movement of water in the hydrologic cycle,
thus accurate representation of the physical and biological features of the landscape within the
watershed is required. Satellite imagery from Landsat and other satellites provide land cover and
surface microclimate information with high temporal and spatial accuracy. The use of these data
to understand hydrologic processes depends on how accurately they are interpreted and
mapped. This paper utilizes the surface radiant temperatures derived from the thermal band of
Landsat images and vegetation indices derived from visible, near-infrared, thermal and midinfrared spectrums to further improve land cover and surface microclimate mapping. The study
2

was done on three watersheds in Florida having mean area of 420 km . Landsat images from
1984 and 2000 were processed using an unsupervised classification. Calibrated surface radiant
temperatures and vegetation indices, which indicate a strong relationship with the ground truth
data, were identified using scatter diagrams. Surface microclimate (pixel scale) parameters
(percent vegetation cover, scaled surface temperature) were determined and their spatial and
temporal distributions were studied. The results indicate that surface temperatures and derived
vegetation indices (incorporating the thermal and shortwave-infrared bands) were useful for
discriminating land cover classes and delineating boundaries between wetlands and water
bodies. Accuracy assessment of the classification indicates overall accuracy of 85% was
achieved with this technique. The fractional vegetation cover decreased from 1984 to 2000 with a
respective increase in surface scaled temperature.
(KEY TERMS: surface temperature, vegetation indices, Landsat, land cover, microclimate,
unsupervised classification)
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1. INTRODUCTION

Land cover is the actual distribution of physical and biological features of land such as
vegetation, water, desert and ice, including those created by human activities. Accurate and upto-date information on land cover and the state of the environment are critical components of
environmental planning and management. Land cover information is used in hydrologic modeling
to estimate the value of surface roughness or friction as it affects the velocity of the overland flow
of water. It may also be used to determine the amount of rainfall that will infiltrate into the soil.
For large areas, satellite imagery techniques have now become the most effective
method for regional land cover acquisition, and have 2-3 decades of heritage (archived) data to
draw upon for studies of change. The heritage Thematic Mapper (TM) sensor on board the
Landsat 4/5 satellites recorded the radiation reflected and emitted by the land surface in seven
spectral bands (30 m spatial resolution in visible/shortwave, 120 m in thermal). The Enhanced
Thematic Mapper Plus (ETM+) on board the Landsat 7 satellite provides continuity of these
bands (30 m resolution in visible/shortwave, 60 m in thermal), with some improvements such as a
panchromatic band (15 m resolution) (NASA, 2002).
Researchers have conducted studies using vegetation indices to derive the relationship
between remotely-sensed radiance and biophysical properties of forests (Boyd et al., 1996).
Multi-temporal Normalized Difference Vegetation Index (NDVI) data derived from the Advanced
Very High Resolution Radiometer and Landsat have been used for large-region, coarseresolution applications of land cover mapping (Stone et al., 1994), for land use change studies
(Tucker et al, 1991; Lambin and Strahler, 1994; Stefanov et al., 2001) and impervious surface
area mapping (Ji and Jensen, 1999; Phinn et al., 2002; Ward et al, 2000). Curran et al. (1992)
and Gilabert et al. (2000) indicated strong relationships between the biophysical properties (such
as leaf biomass) of forests and red and near-infrared (NIR) radiance from the Landsat TM sensor.
This relationship was even stronger when the red and NIR radiance data were combined in
vegetation indices such as NDVI (Spanner et al., 1990; Danson and Curran, 1993; Yang et al.,
1998; Hill et al., 1999; Reed et al., 2001).
The radiance recorded in the middle-infrared (MIR) (1.3 - 3 µm) and long wave thermal
infrared (TIR) ( 8 - 14 µm) wave bands have been shown to provide important additional and
supplementary information to that provided by the reflectance data measured in visible (0.4 - 0.7
µm) and near-infrared (NIR) ( 0.7 – 1.3 µm) bands for land cover mapping. Studies have shown
that data acquired in the MIR and TIR wave bands can provide valuable information for
discriminating vegetation types and assessing changes in land use (Baret et al., 1988; Panigrahy
and Parohar, 1992). In this study, radiance data acquired from Landsat TM and ETM+ in other
parts of the spectrum were used, in addition to visible and NIR spectral bands, to improve land
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cover mapping and demonstrate the use of vegetation indices derived from (1) the visible and
NIR bands, (2) MIR and TIR bands, and (3) surface radiant temperature derived from the TIR
band, in further discrimination of land cover classes and maximizing the accuracy of
classification process. In addition, the spatial distribution of surface microclimate parameters
(percent vegetation cover and scaled surface radiant temperature) at pixel level were evaluated
for 1984 and 2000 for three watersheds of different condition and location in Florida.
The objectives of this study were (1) to assess the strength of relationships of the
radiance data acquired in visible, NIR, MIR and TIR bands and derived vegetation indices with
land use categories of hydrologic interest, (2) to identify the indices which may be valuable for
better land cover mapping in the absence of ground truthing data and evaluate their performance,
and (3) to evaluate the change and spatial distribution of surface microclimate parameters (scaled
surface radiant temperature and percent vegetation cover at pixel level) over time.

1.1. Study Areas and Data Sets
The study was conducted on three Florida watersheds, the Etonia sub-basin, the
Econlockhatchee River basin (Econ sub-basin) and the S-65A sub-basin in Florida. The Etonia
and Econ sub-basins are located in the St. Johns River basin in the St. Johns River Water
Management District (SJRWMD), and the S-65A sub-basin is part of the Kissimmee River basin
in the South Florida Water Management District (SFWMD) (Figure 1). The areas were selected
so as to include examples of different predominant land-use, encompass different climatic regions
of Florida (north central, central and south), and represent different levels of land-use change
between 1984 and 2000. Thus the study areas will show variations in watershed land-cover and
the impact of these land-use variations on the overall runoff response.
The Etonia Creek sub-basin comprises the watersheds drained by Etonia Creek, Rice
Creek and Simms Creek. This sub-basin is located in Putnam County with the upper portion of
the drainage located in Clay County, lower St. Johns River Basin (Figure 1). The drainage area of
2

the basin is 48,398 ha (484 km ). The average annual rainfall is estimated to be 142 cm (56
inches) with approximately 60% of rainfall occurring between June and September. Average air
temperature of Etonia is 22 C with the minimum and maximum temperatures of 14.8 and 29 C
occurring in February and June respectively (FCC, 2002). The annual average potential
evapotranspiration is estimated to be 116 cm (45.7 inches). The predominant land-cover types in
this sub-basin are pine forest (Pinus spp.), cropland, rangeland, urban and built-up area, wetland,
and water body.
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Figure 1 Location of the study areas on the map of Florida.

The second study area is located in the Econlockhatchee River basin (Econ Basin),
Upper St. Johns River Basin (Figure 1). The Econ basin drains both the Econlockhatchee River
and Little Econlockhatchee River. This study considers 28,995 ha of the watershed, which drains
only to the Econlockhatchee River. Most of the basin is located in Orange County with the
extreme northern and southern ends of the basin located in Seminole and Osceola counties,
respectively. By the virtue of its location in the vicinity of the city of Orlando, the basin has
undergone increased urbanization in recent years. Historical land use data indicates that urban
and built-up area, pine forest, grassland and brush, and forested and non-forested wetlands
predominantly cover the basin. Once almost entirely a citrus farming area, Orange County has
been transformed in the past two decades into a highly urbanized area. The conversion of land
has been accelerated by construction of large tourist attractions. Average annual rainfall for
Orange County is 133 cm (52.35 inches) (FCC, 2002). Average air temperature for January and
August is 15.9 C and 29.8 C, respectively. The average annual potential evapotranspiration of
Econ River basin is estimated to be 122.7 cm (48.3 inches).
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The S-65A sub-basin is located south of Lake Kissimmee in the Kissimmee basin,
2

covering 48, 833 ha (488 km ) (Figure 1). The east half and west half of the sub-basin are located
in Osceola and Polk counties respectively, with the south-west tip of the sub-basin located in
Highlands county. The average annual rainfall of the sub-basin is 127.3 cm (50.12 inches). The
wet season, with average rainfall of 83.3 cm, occurs from June through October; while the dry
season, with average rainfall of 43.4 cm, occurs during the remaining months. The minimum and
maximum air temperatures, occurring in January and July, are 8.9 C and 33.3 C respectively
(FCC, 2002). The average annual evapotranspiration of the Kissimmee basin is estimated to be
119.4 cm (47 inches).
The lower Kissimmee River basin is one of the main water conveyance systems which
discharges into the northern part of Lake Okeechobee (Downey, 1999). Between 1962 and 1971,
the Kissimmee River was channelized and transformed into a series of impounded reservoirs
(Pools A-E) (SFWMD, 2002). The physical effects of channelization, including alteration of the
system’s hydrologic characteristics, largely eliminated river and floodplain wetlands. The
meandering river was transformed into a 90-km-long, 9-meter-deep, 91-meter-wide canal.
Excavation of the canal and deposition of the resulting spoil eliminated approximately 56 km of
river channel and 2,509 ha of floodplain wetlands. Transformation of the river-floodplain
ecosystem into a series of deep impoundments drained much of the floodplain, eliminated
historical water-level fluctuations, and led to greatly modified flow characteristics such as an
increased flow volume and flow rate to surface waters. Approximately 10,522-12,546 ha of prechannelized floodplain wetlands were drained, covered with spoil, or converted into canal. The
restoration of the Kissimmee River basin began in 1997 and is aimed at restoring the lost
wetlands and flood plains.

1.2. Landsat Data
The 1984 and 2000 land-use data were determined from Landsat images (Figures 2
through 4). These images were acquired on May 14, 1984 for all three sub-basins and on
February 28, 2000, January 11, 2000 and January 27, 2000 for the Etonia, Econ and S-65A subbasins, respectively. Because Landsat satellites have sun-synchronous orbit and nadir-pointed
instrument, all of these daytime Landsat images were acquired at midmorning local time. The
Level-1G/systematic corrected scene product images were subsequently geocorrected (affine
method) to base map (1:24,000 scale vector roads from SJRWMD) (SJRWMD, 2002a), and
unsupervised classification of the images was accomplished using the ISODATA algorithm from
ERDAS IMAGINE (ERDAS, 1999).
The 1984 image of the Econ sub-basin had clouds and shadows. A separate study
employing Fuzzy classification technique (supervised classification) and augmented ISODATA
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(unsupervised classification) with scattergrams of vegetation indices from the near, mid and
thermal infrared bands to discriminate cloud and cloud-shadow spots was conducted. Results of
that study indicated that both techniques yield overall accuracy of classification of greater than
80% (Melesse and Jordan, 2002).

Figure 2 Landsat images of Etonia sub-basin (pseudocolor scheme: red = band 4,
green = band 3, blue = band 2) (a) May 14, 1984, (b) February 28, 2000
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Figure 3 Landsat images of Econ sub-basin (pseudocolor scheme: red = band 4,
green = band 3, blue = band 2): (a) May 14, 1984 (b) January 11, 2000
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Figure 4. Landsat images of S-65A sub-basin (pseudocolor scheme: red = band 4,
green = band 3, blue = band 2): a) May 14, 1984 (b) January 27, 2000
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2. METHODOLOGY
2.1. Land Cover Mapping
Land-cover was determined from Landsat TM and ETM+ images for the study areas
using ISODATA classification (ERDAS, 1999) and scattergrams of vegetation indices versus
surface radiant temperatures. The unsupervised classifier yielded 30 spectral classes. The
spectral signatures of all these classes were used to determine the mean radiance for each band.
Using the mean signature values, additional layers and vegetation indices were derived. In
addition to surface radiant temperature, three vegetation indices (Eq. 1, Eq. 2 and Eq. 3) utilizing
bands from visible, NIR, MIR and TIR were used to better map the land-cover.
The spectral signatures together with surface radiant temperatures and indices were
used to plot scattergrams to find instances of strong correlation between them and the land-cover
data of the basin. From the scattergrams, seven United States Geological Survey Land Use and
Land Cover (USGS-LULC) system level 1 land-cover classes (Anderson et al., 1976) were
identified. To obtain ground truth for the classified image, 1-meter USGS digital orthophoto
quadrangles and field survey data were used for the 1984 and 2000 images, respectively. The
field survey used 120 sampling points for each sub-basin generated randomly using a stratified
sampling technique to ensure at least 10 sampling points in each of the seven land-cover
classes. Using a beacon-differential Global Positioning System, sampling points were identified
and land-cover data were collected. Some of the randomly selected sampling points were on
private properties or other non-accessible areas, so that only 40 points per sub-basin were
actually sampled.

2.1.1. Vegetation index 1 (NDVI)
The Normalized Difference Vegetation Index (NDVI) (Rouse et al., 1974) is a measure of
the amount of greenness in the vegetation cover of a watershed. It is the ratio of the difference to
the sum of the reflectance values of NIR (Landsat band 4) and red (band 3) (Eq. 1).

NDVI =

NIR − RED
NIR + RED

(1)

In highly vegetated areas, the NDVI typically ranges from 0.1 to 0.6, in proportion to the
density and greenness of the plant canopy. Clouds, water and snow, which have larger visible
reflectance than NIR reflectance, will yield negative NDVI values. Rock and bare soil areas have
similar reflectance in the two bands and result in NDVI near zero.
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2.1.2. Vegetation index 2
Vegetation index 2 (Boyd et al., 1996) is the ratio of the longwave thermal-infrared
(Landsat band 6) to the sum of red (band3) and mid-infrared (band 5) (Eq. 2). This combination is
sensitive to vegetation moisture content, surface temperature and chlorophyll absorption of
surfaces covering the land.

Vegetation Index 2 =

Band 6
( Band 3 + Band 5)

(2)

2.1.3. Vegetation index 3
Vegetation index 3 (Boyd et al., 1996) combines radiance data from green (Landsat band
2), longwave thermal infrared (band 6) and mid-infrared (band 7). This index helps in detecting
vegetation, and mapping the thermal characteristics of land features. At the same time, the midinfrared band is sensitive to vegetation moisture content. Vegetation or surfaces with higher
moisture content absorb the mid-infrared wavelengths and have lower reflectance values.

Vegetation Index 3 =

Band 2 * Band 6
Band 7

(3)

2.1.4. Surface radiant temperature
Surface temperature is an important parameter in understanding the exchange of energy
between the earth surface and the environment. Surface radiant temperatures were calculated
from the thermal band radiance values of TM and ETM+ sensors. The surface temperature was
obtained from Landsat TIR band using the simplified Planck function (Eq. 4) (Markham and
Barker, 1986):
T=

K2
K


ln  1 + 1
 R


(4)

where T is surface radiant (at-sensor) temperature (K), R is band 6 spectral radiance, K1 is
calibration constant 1; K2 is calibration constant 2. For Landsat-5 TM, K1 and K2 are 60.776
-2

-1

-1

-2

-

mWcm sr µm and 1260.56 K, respectively. For Landsat-7 ETM+, K1 and K2 are 666.09 Wm sr
1

-1

µm and 1282.71K, respectively.
For Landsat 4/5 TM, R is a linear function of the digital number (DN) and is related to DN

as follows:

R = m * DN + d
-2

-1

-1

(5)
-2

-1

-1

Where m = 0.0056322 mWcm sr µm , and d = 0.1238 mWcm sr µm . R values for Landsat 7
ETM+ were calculated as (NASA, 2002):
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R=

( Lmax − Lmin )
* ( DN − 1) + Lmin
254

(6)
-2

-1

-1

Where, L max and L min are maximum and minimum spectral radiance (Wm sr µm ). L max and L min
are post-launch values specific to the low (6L) and high (6H) gain versions of the thermal band on
-2

-1

ETM+. For the ETM+ images used in this study, Lmin and Lmax were 0 and 17.04 Wm sr µm

-1

respectively.
Surface temperature readings from Lake Apopka at the time of Landsat overpass were
compared to the surface radiant temperature values of that water body from Landsat as
computed from eq. 4 (SJRWMD, 2002b). The difference was used to adjust the surface
temperature values of other land cover classes, as a compensation for atmospheric effects.
2.2. Watershed Surface Microclimate Mapping
In addition to land-cover change, the microclimate of the study areas from the 1984 and
2000 Landsat imagery was studied. The microclimate parameters assessed from radiance data of
the images included percent vegetation cover (PVC), and scaled surface radiant temperature
(Ts ). Those pixels classified as vegetated or developed (non-water-bodies) were further classified
and their fraction of vegetation were determined for each pixel. These microclimate parameters of
the sub-basins were mapped and their spatial and temporal variations were analyzed to identify
areas of intense change in vegetation.
2.2.1. Scaled surface radiant temperature
The scaled surface radiant temperature, TS, is given by,

TS =

Ti − Tlow
Thigh − Tlow

(7)

Where T is the surface radiant temperature for a given pixel, Tlow is the lowest surface radiant
temperature of the area of analysis and Thigh is the highest surface radiant temperature.

2.2.2. Percent vegetation cover
To understand the change in the vegetation cover for images of different scenes and
dates, the scaled NDVI (NDVIs ) has been used by many researchers (Price, 1987; Che and Price,
1992; and Carlson and Arthur, 2000).

NDVI S =
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(8)
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where NDVIlow and NDVIhigh are values for bare soil and dense vegetation respectively.

Carlson and Ripley (1997) found the relationship between percentage vegetation
cover (PVC) and scaled NDVI to be
PVC ≈ ( NDVI S ) 2 * 100

(9)

Where PVC ranges between 0 and 100.

3. RESULTS AND DISCUSSION
3.1. Land-cover mapping
Based on the ground truth data, seven land cover classes of hydrologic interest were
identified and mapped in the images. These were urban and built up area, agricultural land,
forest, rangeland, water, wetland, and barrenland. From ISODATA unsupervised classification 30
classes were generated. Recoding of the 30 classes to seven classes was carried out with the
scatter diagrams of vegetation indices and surface temperature. Landsat derived surface
temperatures were very helpful in mapping wetlands and showing the boundaries of water
bodies.
A most common and typical method used by researchers to assess classification
accuracy is with the use of an error matrix (sometimes called a confusion matrix or contingency
table). An error matrix (Table 1) is a square assortment of numbers defined in rows and columns
that represent the number of sample units (i.e., pixels, clusters of pixels, or polygons) assigned to
a particular category relative to the actual category as confirmed on the ground. The columns in
the matrix represent the remote sensing derived land use map (i.e., Landsat data), while the rows
represent the data from ground truthing. From this are derived several statistical measures of
thematic accuracy including overall classification accuracy (the sum of the diagonal elements
divided by the total number in the sample), producer's accuracy (probability that a sample from
the classified image actually represents that class in the reference data), user's accuracy
(probability that a reference sample will be correctly classified), and the Kappa coefficient
(KHAT), an index that relays the classification accuracy after adjustment for chance agreement
(Congalton, 1991). The Kappa coefficient measures the relationship of beyond chance
agreement to expected disagreement. This measure uses all elements in the matrix not just the
diagonal ones. The estimate of Kappa is the proportion of agreement after chance agreement is
removed from consideration (Eqn. 10).
r

KHAT =

r

N ∑ X ii −∑ X i + * X + i )
i =1

i =1

r

N − ∑ X i + * X +i )

(10)

2

i =1
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where KHAT is the kappa coefficient; r is the number of rows in the error matrix; Xii is number of
observations in row i column i, Xi+ is the marginal total of row i; X+i is marginal total of column i
and N is total number of observations included in the matrix.
From the total of 120 GPS sampled ground truth points (40 per sub-basin), the land-cover
from 102 ground truth points correspond to the classified image (Table 1). This shows an overall
accuracy of 85%. The computed kappa coefficient using equation 10 was 79%. The Kappa
coefficient, unlike the overall accuracy, includes errors of omission and commission.

Table 1 Classification accuracy error matrix.

3.1.1. Surface Temperature (T) Vs NDVI
The T-NDVI slope in all images is negative (Figures 5a and 5b). The increase in green
biomass is often associated with a reduction in surface resistance to evapotranspiration, greater
transpiration, and a larger latent heat transfer resulting in lower surface temperature. The T-NDVI
scatter diagram shows a clear discrimination of land cover classes and aggregation of classes
with similar spectral signatures. Water bodies have lower surface temperature and NDVI and are
shown on the lower left corner of the diagram.
Wetlands have warmer mid-morning surface temperature than do open water bodies, and
due to their vegetative cover they have higher NDVI than water. Rangeland (grassland and
brush) has higher surface temperature than wetlands because the soil is unsaturated. The
infrared reflectance of the rangeland is not much different from that of the non-forested vegetated
wetland. Agriculture (cropland and pasture) has higher NDVI than rangeland, and depending on
recent irrigation and growth stage, the temperature varies. Forests have higher NDVI, and
depending on whether it is an upland or wetland forest, the surface temperature varies. Upland

Journal of Spatial Hydrology

13

forests have higher surface temperature than wetland forests. Barrenland has the highest surface
temperature for the 1984 and 1994 images and lower NDVI than the urban and built-up areas.
Barrenland is shown on the upper left corner of T-NDVI diagram. Urban and built-up areas have
also higher surface temperature and lower NDVI than all other classes but barrenland.
Surface temperature variation in vegetated surfaces (cropland vs. forests, rangeland vs.
cropland) results from variations in the proportion of surrounding bare soil visible to the thermal
sensor of Landsat and the thermal inertia of the surface. Thermal inertia is the measure of
thermal response of surfaces to temperature changes (Boyd et al. 1996). It is a function of
thermal conductivity and heat capacity, and is affected by surface characteristics such as soil
moisture and albedo. Surfaces with higher thermal inertia possess a strong inertial resistance to
temperature fluctuations at a surface boundary hence they show less temperature variation per
heating/cooling cycle than those with lower thermal inertia. The thermal inertia of vegetation
canopies is lower than that of soils and water has higher thermal inertia than soils.

(a)

(b)
Figure 5 Scattergrams of surface temperature (T) vs. NDVI for the 30 land cover classes
(a) 1984, (b) 2000
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(a)

(b)

Figure 6 Scattergrams of Vegetation index 2 vs. NDVI for the 30 land cover classes.
(a) 1984, (b) 2000

3.1.2. Vegetation index 2 and vegetation index 3 Vs NDVI
Plots (Figures 6a and 6b and Figures 7a and 7b) of vegetation index 2 and vegetation
index 3 versus NDVI have similar patterns and have an approximate positive slope unlike the TNDVI diagram. Unlike T-NDVI scatter diagrams, vegetation index 2 and vegetation index 3
contain radiance data from visible, near-infrared, thermal and mid-infrared spectra. Green
vegetation has higher green and near-infrared band reflectance and lower red and mid-infrared
reflectance. This results in higher values of NDVI, vegetation index 2 and vegetation index 3.
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(a)

(b)
Figure 7 Scattergrams of Vegetation index 3 vs. NDVI for the 30 land cover classes.
(a) 1984, (b) 2000
3.1.3. Land-cover change
The land-cover change analysis was conducted between 1984 and 2000. Seven USGS
LULC level 1 land-cover classes were utilized (Anderson et al., 1976). Summaries of the changes
in land-cover distribution, showing percentage of land-use for each year of study, are shown in
the bar charts of Figures 8a through 8c.
The Etonia sub-basin is predominantly forest and wetlands. Etonia showed an increase in
urban developed area for the years of study (an increase of 17.9% from 1984 to 2000) (Figure
8a).The wetland area increased from 6.7% to 14% over the same period, which may be attributed
to the awareness and programs aimed at preserving wetlands.
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Figure 8 Land-cover summary for the study areas
(a) Etonia sub-basin, (b) Econ sub-basin, (c) S-65A sub-basin
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The predominant land-cover types of the Econ sub-basin are agriculture, forest and
wetlands. There was an increase of 31.1% in urban developed areas from 1984 to 2000 (Figure
8b). This sub-basin also showed an increase in wetlands and forest areas, and a corresponding
decrease in agricultural areas.
Unlike the Etonia and Econ sub-basins, S-65A has had little urban development, so that
the major changes in land-use were among agriculture, rangelands, water and wetlands.
Agricultural areas decreased from 62% to 30% from 1984 to 2000. Water and wetlands increased
from 1984 to 2000. After channelization of the Kissimmee River in 1962, S-65A lost wetlands;
however, restoration work begun in 1997 led to an increase in wetlands and water bodies in the
2000 land-cover (Figure 8c).
3.2. Microclimate Mapping
3.2.1. Scaled surface radiant temperature (Ts)
The spatial distribution of the scaled surface radiant temperature of the study areas
determined from Landsat images is shown in Figure 9. The Ts is a good indicator of the type of
land-cover and surface moisture availability. Forests and cropland have lower Ts than do urban
and barrenland classes. Similarly wetlands and water bodies have much lower Ts than other landcover types.
The number of pixels having Ts = 0.75 is higher in 2000 than in 1984 for all sub-basins
(Figure 10). This is attributable to an increase of urban built-up and impervious surface areas
between 1984 and 2000. These areas have lower moisture content (lower thermal inertia), and
therefore higher mid-morning surface temperature than barrenlands.

Journal of Spatial Hydrology

18

Etonia 1984 Ts
0.0 - 0.2
0.2 - 0.4
0.4 - 0.6
0.6 - 0.8
0.8 - 1.0

N

5

0

5 Kilometers

W

E
S

a.

Etonia 2000 Ts
0.0 - 0.2
0.2 - 0.4
0.4 - 0.6
0.6 - 0.8
0.8 - 1.0

N

5

0

5 Kilometers

W

E
S

b.

Journal of Spatial Hydrology

19

Econ 1984 Ts
0.0 - 0.2
0.2 - 0.4
0.4 - 0.6
0.6 - 0.8
0.8 - 1.0

N

5

0

5 Kilometers

W

E
S

c

Econ 200 Ts
0.0 - 0.2
0.2 - 0.4
0.4 - 0.6
0.6 - 0.8 5
0.8 - 1.0

N

0

5 Kilometers

W

E
S

d

Journal of Spatial Hydrology

20

S65a 1984 Ts
0.0-0.2
0.2 - 0.4
0.4 - 0.6
0.6 - 0.8
0.8 - 1.0

N

5

0

5 Kilometers

W

E
S

e

S65a 2000 Ts
0.0-0.2
0.2 - 0.4
0.4 - 0.6
0.6 - 0.8
0.8 - 1.0

N

5

0

5 Kilometers

W

E
S

f
Figure 9 Spatial distribution of scaled radiant surface temperature (a) Etonia 1984,
(b) Etonia 2000, (c) Econ 1984, (d) Econ 2000, (e) S-65A 1984, and (f) S-65A 2000
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Figure 10 Percent areas of pixels with scaled surface temperature of at least 0.75

3.2.2. Percent vegetation cover (PVC)
The fractional vegetation cover of a given pixel is indicated by PVC for the 1984 and
2000 images (Figures 11a through 11f). The PVC decreased in 2000 compared to 1984 for all the
study areas due to the reduction in agricultural areas and forested cover types. From the 2000
PVC map of the Etonia sub-basin, it is shown that there is a reduced vegetation cover on both the
east and west portions of sub-basin compared to the 1984 PVC map. The extent of vegetation
cover in the Econ sub-basin in 2000, particularly the dense vegetation along the Econ River, is
reduced compared to the 1984 PVC.
Comparison of the 1984 and 2000 areas with at least 75% PVC shows that there is a
decrease in heavily vegetated areas for all of the sub-basins (Figure 12). The agricultural area in
2000 was also lower for all the sub-basins than in 1984.
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Figure 11 Spatial distribution of percent vegetation coverEtonia 1984, (b) Etonia 2000, (c) Econ
1984, (d) Econ 2000, (e) S-65A 1984, and (f) S-65A 2000
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4. CONCLUSIONS AND RECOMMENDATIONS
The use of thermal maps and vegetation indices from Landsat TM and ETM+ sensors to
enhance land cover mapping was demonstrated. The results show that NDVI, vegetation index 2
and vegetation index 3 were very helpful to discriminate land use classes. In general, the midmorning surface temperature is inversely proportional to NDVI, a measure of plant biomass and
condition. Boundaries between vegetated wetlands and free water bodies, agriculture and forest,
urban and built-up areas and barrenland and clouds were easily drawn. The vegetation index 2
and vegetation index 3 vs. NDVI relationships have positive slopes and are also useful to
discriminate land cover classes. The accuracy assessment of the classification technique using
40 randomly distributed sampling points indicate an overall accuracy and kappa coefficient of
85% and 79% respectively.
This study contributes a technique to enhance land cover mapping by classifying
historical satellite images using vegetation indices and thermal maps in the absence of ground
truth data. This technique can be extended to other studies aimed at discriminating land cover
types particularly with historical imagery from sources with long continuity such as the Landsat
program.
In order to produce more detailed land-cover classes, such as USGS LULC level 2,
vegetation indices utilizing different combinations of bands across the spectrum and detailed
ground truth data should be used. Since level 1 land-cover classification was the target for this
research, the study considered only 40 ground truth sampling points over each watershed. More
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ground truth data would need to be collected to produce level 2 land-cover classes. A better
understanding of the dynamics of the land-use over time could be obtained if land-cover data was
determined more frequently. For basins like the Econ, where residential land cover is expanding,
updates every two years might show the rate of urban and other land-cover change more
accurately. Obtaining land-use data (via aerial photographs and/or survey maps) from the era
prior to channelization of Kissimmee River, might help provide a more complete understanding of
the hydrologic conditions of the S-65A sub-basin before and after channelization and restoration
work.
Future research projects to further improve the integrated remote sensing and GIS
techniques developed in this study include using soft classification algorithms for land-cover
classification, since these methods allow the existence of more than one land–cover class in a
pixel. Fuzzy classification, a supervised classification algorithm allowing sub-pixel classification, is
an example of a soft classification algorithm that could be explored.
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